Objective: This research investigates the effect of "critical" team members and team familiarity on team performance in the Multi-player Online Battle Arena gaming environment, League of Legends™. Background: A critical team member is any member of a team whose presence (or absence) can have a dramatic impact on the team's ability to reach their objective, while team familiarity can be viewed as the knowledge team members have about one another and the knowledge team members have about the tasks that must be accomplished. Methods: Data visualization techniques and logistic regression is used to explore team data collected from publicly accessible sources for the online game League of Legends, which is one of the most popular games in the world. Results: The proportion of time a team's "Carry" is incapacitated (the "critical" team member) during a given match has a direct impact on how the team performs. Conclusions: The results show that critical team positions exist on teams, and can have a significant effect on achieving the team's goals. In addition, there is a need for the development of tools, techniques and measures to bring "Big Data" to bear in the study of teamwork. Application: This research illustrates the feasibility of exploring online gaming data for new insights into team performance.
Introduction
In this paper, we investigate the effect of so-called "critical" team members on team performance for 1,418 teams and 54,114 matches in the Multi-Online Battle Arena (MOBA) gaming environment, League of Legends (LoL). Online gaming competitions provide real-time data collection in a manner that is unobtrusive, providing detailed information on the individual, team and environment, which can be used to explore team dynamics and performance. Utilizing rich and robust data from LoL, this paper will examine team performance along several dimensions, including critical team membership and events, the current state of the environment and how familiarity and a critical team member impact team performance.
Current research on team performance focuses on teams in a field environment, which provides valuable insights; however, this approach requires significant resources with regards to funding and time and is obtrusive in nature. As noted in seminal work by Webb, "interviews and questionnaires intrude as a foreign element into the social setting they would describe, they create as well as measure attitudes, they elicit atypical roles and responses, they are limited to those who are accessible and will cooperate, and the responses obtained are produced in part by dimensions of individual differences irrelevant to the topic at hand" (Webb, Campbell, Schwartz, & Sechrest, 1966, p. 1-2) . There is a need for detailed data on the composition of teams, work processes and outcomes in order to capture "moment to moment interteam and intrateam interaction" (Salas, Stagl, & Burke, 2004) . Data collected through the LoL Application Program Interfaces (APIs) provides an opportunity to evaluate team performance through quasi-experimentation and statistical analysis, which offers rich visualization for the phenomena under study.
Background
Teams are understood to include "two or more persons with a common goal that requires interdependence and adaptive functioning" (Salas, Dickinson, Converse, & Tannenbaum, 1992) where they may operate in environments that are uncertain and where rapid adaptation is critical to accomplishing team level goals. A "critical" team member is any member of a team whose presence (or absence) may dramatically influence and impact team processes and performance in completing tasks and reaching team-level goals (Mathieu, Maynard, Rapp, & Gilson, 2008) . A slightly more restrictive perspective on criticality asserts that the critical member is not only the person whose absence substantially reduces workflow alternatives, but is also the individ- ual who is capable and willing to work in a dynamic, high-impact environment in order to impart their expertise to accomplish team level goals (LePine, Colquitt, & Erez, 2000) . Workflow centrality refers to the extent to which "removal of a task position, and its direct workflow links, breaks the workflow chain" (Brass, 1984, p. 522) .
Teams, regardless of the particular goal they are working to accomplish, may vary considerably with respect to members' prior experience (including their history of working together) and individual competencies. As a result, team members must learn to incorporate their own expertise into that of the team without compromising team performance, and teams must learn to capitalize on the expertise of new members in order to extend and amplify their own competencies. A team's experience and expertise will vary considerably based on individual team members' working histories and competencies, impacting team performance over various time horizons (Mendonca, Webb, Butts, & Brooks, 2014) . Therefore, team performance is influenced, in large part, by team familiarity, which can be viewed as the knowledge team members have about one another and the knowledge team members have about the tasks that must be accomplished (Littlepage, Robison, & Reddington, 1997) .
Another important aspect of team performance is the concept of backup behavior. Backup behavior, which encompasses notions such as mutual support, compensatory behaviors and load shifting, refers to actions taken by team members in their environment in order to assist, cover or compensate for variations in the performance of team members (particularly when performance degrades) (Tesluk, Mathieu, Zaccaro, & Marks, 1997) . Backup behavior also refers to knowing how and when to support team members and understanding which members should be responsible for which behaviors, and why (Wilson, Salas, Priest, & Andrews, 2007) . In LoL, backup behavior can be measured through the examination of assists to support kills during the course of a match along with "ward" placement, which enhances the visibility of team members. Ward placements provide valuable information to the team and compensates for a lack of situational awareness during a given match.
The dramatic rise in participation of teams in "virtual" worlds, specifically those defined by MOBAs, represents the forefront of a new phase in the study of team performance in which it is possible to explore high density, long-range data on teamwork on a very large scale. The field of team studies is about to enter an era in which the expected number of teams in a "typical" study will grow significantly, and that detailed, objective measures of teamwork will be brought to the fore based on unprecedented access to long-range data. Based on the earlier discussion on the "critical" team member, team familiarity and the environment, the following research questions (RQ) are explored. 
Method
In LoL, detailed, process-level data are tracked, collected and stored in a publicly-accessible server. The data support the community of players in developing strategies about potential opposing teams, but they are also now being used to explore teamwork (Sangster, Mendonca, & Gray, 2016; Leavitt, Keegan, & Clark, 2016; Pobiedina, Neidhardt, Calatrava Moreno, & Werthner, 2013) . In the version of LoL this paper explores, two five-member teams attempt to defeat one another by destroying the other team's base or Nexus while protecting their own. The Nexus is protected by fortifications and computer-controlled defenders, which the opposing teams must reach by attacking and killing their opponent and supporting towers. Players must perform specialized roles with skill, determination and wit in a time constrained environment in order to defeat their adversary. Currently, approximately 80 million individuals play LoL worldwide, making it the world's most popular game (Sangster et al., 2016) . The most critical role within LoL is the "Carry" position, which is primarily responsible for imposing damage on the adversary and leading the team forward during the course of a match. The other roles on the team have important responsibilities, as well, such as disrupting the enemy, protecting the carry and collecting gold and resources during the match; however, the carry position has the largest impact on the team's ability to defeat their adversary. For this reason, the carry position is defined here as the "critical" team member.
LoL match data can be used to explore how team members carry out their roles and generate responses based on unanticipated changes in the environment, which is defined here as the state of the environment. The state of the environment is determined when the carry is dead or alive, thereby having four possible states over the course of a match (both carries alive, both carries dead, the winning team carry dead or the losing team carry dead.) The various states include both the winning and losing teams and are generated throughout the match in order to identify the timing and impact of key events that take place. The state of the environment is uncertain over the duration of a match when teams are in action; however, post game match-data facilitates the identification of the various states.
The data set for this research is from the LoL API. This research looks at a set of 37,461 teams with periods of play ranging from 2011-2016 and focuses only on teams that played recently (6,479 of these teams had played games in 2016). Looking only at games played in 2016 (76,486 games), the set includes teams that played more than 15 games together in order to ensure sufficient longitudinal data for the analysis of team familiarity. The full resulting data set of 54,114 matches from 1,418 teams is used to accurately calculate familiarity.
Though familiarity is calculated for all matches (including those matches occurring before 2016), the focus is on a much smaller subset for which full match data had been collected. The data set is further refined by eliminating games where a designated "Carry" player is not present on both teams. As designated carry players are not common in 3v3 matches, this eliminates all 35,052 3v3 matches in the data set, and leaves a total of 19,062 5v5 matches. The data set is further reduced to include games where in-depth timeline data is available (an arbitrary limitation as a result of Riot's League of Legends API), which left a final match list including 8,867 matches.
Results
The 8,867 matches we focused on were, on average, around 28.2 minutes long (SD 8.87) with 34.01 Kills (SD 9.76) for the winning team and 21.44 kills (SD 10.92) for the losing team per game. Winning teams successfully destroyed 8.43 buildings per game (SD 2.83) while losing teams destroyed only 2.21 buildings per game (SD 2.29). In regards to assists, winning teams scored 56.46 (SD 20.51) kill assists and 14.06 (SD 7.04) building kill assists while losing teams scored 34.07 (SD 20.89) kill assists and 2.71 (SD 3.98) building kill assists on average per game. Lastly, we calculated team familiarity only for teams that we had full match histories, which resulted in the winning teams having an average familiarity of 0.37 (SD 0.19) while the losing teams also had an average familiarity of 0.37 (SD 0.19).
RQ1: Role Criticality and Significant Match Events
RQ1, defining a "critical position" on a team, is related to the important subtasks of a team's task or goal. In LoL, significant match events include kills, assists, ward placements, and building kills. These are all subtasks that impact the team's goal: to win the match. Here we show that there is an increase in the number of significant events when a "critical" team position is incapacitated. Specifically, the winning team has more kills and assists than the losing team overall, and there are spikes in kills and assists when the opposing team's carry is incapacitated. Figure 1 shows the significant events from a randomly selected match plotted along a time series based on the status of the "Carry" team member. Figure 1 shows the kills and assists belonging to the winning team in blue, and the kills and assist for the losing team in red. Building kills are shown in purple for the winning team and in orange for the losing team. Kills, assists, and building kills are much higher for the winning team than the losing team, as would be expected.
There is a rough correlation between the match outcome, the distribution of kills and assists throughout the game, and the state of the "Carry" player. As designated by the highlighted regions on the graphs, there are four states the two Carry positions can be in: both alive ("Neither Carry Dead," blue highlight), both dead ("Both Carry Dead," peach highlight), the losing team's "Carry" is dead ("Lose Carry Dead," green highlight), or the winning team's "Carry" is dead ("Win Carry Dead," purple highlight). There is a general increase in the number of kills when a Carry player is dead, regardless of the team the Carry player belongs to. The winning team's Carry player is alive for significantly more time than the losing team's Carry player, giving them a marked advantage during a match. A majority of significant match events take place when one or both Carry players are dead. Considering what a small proportion of the time a Carry player is dead (see Figure 2) , this is a good indication that the Carry player plays a critical role in match outcome. 
RQ2: Impact of Critical Role
RQ2 is addressed by examining the proportion of time spent in the "critical period" where a critical team member is down during teamwork. As we noted in Figure 1 , there is an increase in significant match events when a carry is dead. In Figure 2 , we show that the majority of the match, 70.5% +/-0.21 takes place when neither Carry is dead. Additionally, the proportion of time that the losing team's Carry position is down, 17.31% +/-0.16, is significantly higher than the proportion of time that the winning team's Carry position is down, 8.81% +/-0.11. This difference is very apparent in Figure 2 , where the 95% confidence intervals are shown in red.
RQ3: Combining Familiarity and Critical Role State
Familiarity. A common measure of familiarity (Espinosa, Slaughter, Kraut, & Herbsleb, 2007) takes the total number of matches (h i j ) in which each pair of team members (i, j) of team n has played together, and divides this by the number of possible pairs on the team. This score is calculated when the match begins. As a result, the familiarity score for team k in match l is:
During the first match played by the team, the familiarity value is always zero. Assuming that the team never turns over completely, the measure increases with the number of matches played by the team. The measure may be standardized to a (0,1) scale by dividing it by the total number of matches l since the beginning of the observational period. When familiarity is standardized, the measure is no longer monotonically increasing with the number of games played, demonstrating the rate of familiarity accumulation rather than a cumulative evaluation of familiarity.
Within the set of 8,867 matches, we focused only on the teams where we had full match history data, which allowed us to calculate all variables of interest in an accurate manner. For 724 of the 8,867 matches, we have full match history for both competing teams, while such data is only available for one of the two competing teams for each of the remaining 8,143 matches. This yields a final set of 9,591 team-match records (from 1,418 unique teams) for which familiarity and "critical period" is calculated. Looking at Figure 3 , as team familiarity increases, there appears to be a larger separation between the winning and losing team with respect to the proportion of match duration spent in the critical period. With that said, the logistic regression model in Table 1 shows a non-significant contribution of familiarity in predicting match outcome. The more significant effect deals directly with the match state with respect to the critical team member, which did show a significant result in predicting match outcome. Table 1 The logistic regression predicting the binary response of Outcome (Win/Loss) by Proportion of Match Duration Spent in the Critical Period ("PropTime") with the Relative Team Familiarity for a given match. The model is an additive model investigating the two factors together. Sensitivity and Specificity were calculated using a 0.5 classifier. Coefficient significance is designated with asterisks such that, 0 < '***'< 0.001 < '**' < 0.01 '*' < 0.05 < ' ' < 1.
Conclusions and Discussion
While these research questions were addressed through the framework of League of Legends, the concepts they examine are generalizable to other team studies in numerous domains, such as medical teams, military teams, disaster response teams and cockpit crews, to name a few. Critical team positions, tasks and subtasks, team familiarity, and working history are all concepts found in other bodies of work regarding the study of teams. The results presented here show that critical team positions do exist on some teams, and can have a significant effect on achieving the team's goal as a whole. Critical team positions are ones such that their presence on a team can greatly improve team performance. Future work may be done on teams without defined critical team positions, or teams with unfilled critical positions. Furthermore, critical team positions, combined with an increase in team familiarity, can have a positive impact on the team's performance where performance is defined as the accomplishment of the team goal. Lastly, the significance of familiarity in the aforementioned domains may also play an important role in future studies centered on the "critical" team member and team performance.
Having such a large, detailed dataset has allowed for a previously unheard of level of analysis, especially when it comes to examining team history and team familiarity. While we found a non-significant contribution of familiarity in predicting match outcome, our ability to calculate familiarity was severely limited in that we did not have match history for roughly half of the teams in the data set (because League of Legends is a game where 2 teams compete and we only necessitated the inclusion of at least one of our focus teams in each match). This means there is only a small number of matches in our set where we have accurate familiarity measurements for each team (724 matches where we had full 2016 match history for both competing teams). When reforming our model on just these 724 matches, familiarity remains non-significant as a factor with little effect on the "Critical Period" variable. Removing the familiarity factor for this small set of 724 matches yields a one factor logistic regression model with C-statistic of 0.714, and with a 0.5 classifier; Sensitivity = 0.743, Specificity = 0.685.
It is worth noting that while we found no effect of familiarity of outcome, familiarity has been found to significantly contribute to the performance of teams in other domains. For example, in disaster response operations, team familiarity has a positive impact on team performance with regards to team effectiveness, efficiency and equality (Mendonça, Brooks, & Grabowski, 2014) . For League of Legends, and possibly competitive team environments in general, it may be that the binary performance variable of outcome is not sensitive enough to capture the, likely small, effect familiarity has on team performance in this complex domain (if any such effect exists). Overall, the impact of familiarity may be specific to the domain and we are led to believe that due to the complex nature of this task, the effects of familiarity decrease rapidly over time. Future work will address these possibilities further.
